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Description
FIELD OF THE DISCLOSURE

[0001] This disclosure relates generally to additive
manufacturing and, more particularly, to systems and
methods for compression, management, and analysis of
downbeam camera data for an additive machine.

BACKGROUND

[0002] Additive manufacturing is a process by which a
three-dimensional structure is built, usually in a series of
layers, based on a digital model of the structure. While
some examples of additive manufacturing technology re-
ly on sintering or melting/fusing using an energy source
to form the structure, rather than "printing”, in which ma-
terial is deposited at select locations, the term "print" is
often used to describe the additive manufacturing proc-
ess (e.g., three-dimensional (3D) printing, 3D rapid pro-
totyping, etc.). Examples of additive manufacturing tech-
niques include Fused Deposition Modeling, Electron
Beam Melting, Laminated Object Manufacturing, Selec-
tive Laser Sintering (including Direct Metal Laser Sinter-
ing, also referred to as Direct Metal Laser Melting or Se-
lective Laser Melting), and Stereolithography, among
others. Although 3D printing technology is continually de-
veloping, the process to build a structure layer-by-layer
is complex, inefficient, and prone to failure. An error in
the 3D process can lead to weakness or failure in the
manufactured part and, therefore, waste, risk, and other
unreliability.

BRIEF DESCRIPTION OF THE DRAWINGS
[0003]

FIG. 1 depicts one example of an additive manufac-
turing apparatus that can be used in connection with
systems and methods disclosed and described here-
in.

FIG. 2illustrates an example additive manufacturing
monitoring and control system.

FIG. 3 illustrates an example implementation of the
Al model developer of FIG. 2.

FIG. 4Aillustrates an example implementation of the
autoencoder of FIG. 3.

FIG. 4B shows an example graph correlating finger-
printing and melt pool anomaly detection for the ad-
ditive manufacturing system of FIGS. 1-2.

FIG. 5A illustrates an example conversion of images
to image features.

FIG. 5B shows an example comparison of actual and
predicted image feature vectors.

FIG. 6A is an example comparison of actual and pre-
dicted image feature vectors.

FIG. 6B shows an example mean squared error com-
parison of training and validation loss using the ex-
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ample autoencoder of FIG. 3.

FIG. 7 illustrates an example analysis framework im-
plemented by the entitlement model developer and
the encoder model developer of FIG. 3 to train the
autoencoder and other Al models.

FIGS. 8-9 illustrate flowcharts representative of ex-
ample machine readable instructions that can be ex-
ecuted to configure and control the example additive
manufacturing apparatus of FIGS. 1-4A.

FIG. 10 is a block diagram of an example processor
platform structured to executing instructions to im-
plement the example elements disclosed and de-
scribed herein.

[0004] Thefigures are notto scale. Wherever possible,
the same reference numbers will be used throughout the
drawing(s) and accompanying written description to refer
to the same or like parts.

BRIEF SUMMARY

[0005] Certain examples disclose and describe appa-
ratus and methods to analyze image data of an additive
manufacturing process to manage an associated addi-
tive machine during the ongoing additive manufacturing
process.

[0006] Certain examples provide an apparatus includ-
ing memory to store instructions and at least one proc-
essor. The at least one processor is to execute the in-
structions to at least: extract image features from image
data to represent the image data as a set of image fea-
tures, the image data captured by a camera during an
additive manufacturing process and including an image
of a melt pool of the additive manufacturing process; ap-
ply an artificial intelligence model to the set of image fea-
tures; predict an error in the additive manufacturing proc-
ess using an output of the artificial intelligence model;
and compensate for the error by adjusting a configuration
of the apparatus during the additive manufacturing proc-
ess.

[0007] Certain examples provide a method including
extracting, by executing an instruction using at least one
processor, image features from the image data to repre-
sentthe image data as a set ofimage features, the image
data captured by a camera during an additive manufac-
turing process and including an image of a melt pool of
the additive manufacturing process. The example meth-
od includes applying, by executing an instruction using
at least one processor, an artificial intelligence model to
the set of image features. The example method includes
predicting, by executing an instruction using the at least
one processor, an error in the additive manufacturing
process using an output of the artificial intelligence mod-
el. The example method includes compensating for the
error by adjusting, by executing an instruction using the
at least one processor, a configuration of the additive
manufacturing process.

[0008] Certain examples provide an additive manufac-
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turing apparatus including an energy source to melt ma-
terial to form a component in an additive manufacturing
process. The example apparatus includes a camera
aligned with the energy source to obtain image data of
the melted material during the additive manufacturing
process. The example apparatus includes a controller to
control the energy source during the additive manufac-
turing process in response to processing of the image
data. The controller is to adjust control of the energy
source based on a correction determined by: extracting
image features from image data to represent the image
data as a set of image features, the image data captured
by the camera during the additive manufacturing process
and including an image of a melt pool formed from the
melted material in the additive manufacturing process;
applying an artificial intelligence model to the set ofimage
features; predicting an errorin the additive manufacturing
process using an output of the artificial intelligence mod-
el; and compensating for the error by generating a cor-
rection to adjust a configuration of the energy source dur-
ing the additive manufacturing process.

DETAILED DESCRIPTION

[0009] Additive manufacturing is a process that ena-
bles highly customizable, dynamically deliverable parts
manufacturer at a variety of locations. However, the flex-
ible nature of an additive manufacturing process exposes
that process to environmental variability, material quality
fluctuation, programming/configuration glitches, etc. To
address these and other issues, certain examples pro-
vide a new, improved monitoring and control system for
additive manufacturing. Certain examples provide dy-
namic, reliable adjustment of an ongoing additive man-
ufacturing process by an additive manufacturing appa-
ratus to improve product yield, reduce waste, and
strengthen product reliability through real-time monitor-
ing, processing, and adjustment of an additive manufac-
turing process for the product. For example, theimproved
additive manufacturing system captures in-process im-
age data, analyzes the image data to understand system
behavior and process status, and adjusts itself to reduce
or avoid a defect, anomaly, or other error in manufactur-
ing.

[0010] In the following detailed description, reference
is made to the accompanying drawings that form a part
hereof, and in which is shown by way of illustration spe-
cific examples that may be practiced. These examples
are described in sufficient detail to enable one skilled in
the art to practice the subject matter, and it is to be un-
derstood that other examples may be utilized. The fol-
lowing detailed description is therefore, provided to de-
scribe example implementations and not to be taken lim-
iting on the scope of the subject matter described in this
disclosure. Certain features from different aspects of the
following description may be combined to form yet new
aspects of the subject matter discussed below.

[0011] When introducing elements of various embod-
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iments of the present disclosure, the articles "a," "an,
"the," and "said" are intended to mean that there are one
or more of the elements. The terms "first," "second," and
the like, do not denote any order, quantity, orimportance,
but rather are used to distinguish one element from an-
other. The terms "comprising," "including," and "having"
are intended to be inclusive and mean that there may be
additional elements other than the listed elements. As
the terms "connected to," "coupled to," etc. are used
herein, one object (e.g., a material, element, structure,
member, etc.) can be connected to or coupled to another
object regardless of whether the one object is directly
connected or coupled to the other object or whether there
are one or more intervening objects between the one
object and the other object.

[0012] As used herein, the terms "system," "unit,"
"module," "engine," etc., may include a hardware and/or
software system that operates to perform one or more
functions. For example, a module, unit, or system may
include a computer processor, controller, and/or other
logic-based device that performs operations based on
instructions stored on a tangible and non-transitory com-
puter readable storage medium, such as a computer
memory. Alternatively, a module, unit, engine, or system
may include a hard-wired device that performs opera-
tions based on hard-wired logic of the device. Various
modules, units, engines, and/or systems shown in the
attached figures may represent the hardware that oper-
ates based on software or hardwired instructions, the
software that directs hardware to perform the operations,
or a combination thereof.

[0013] As used herein, singular references (e.g., "a",
"an", "first", "second", etc.) do not exclude a plurality. The
term "a" or "an" entity, as used herein, refers to one or
more of that entity. The terms "a" (or "an"), "one or more",
and "at least one" can be used interchangeably herein.
Furthermore, although individually listed, a plurality of
means, elements or method actions may be implemented
by, e.g., a single unit or processor. Additionally, although
individual features may be included in different examples
or claims, these may possibly be combined, and the in-
clusion in different examples or claims does not imply
that a combination of features is not feasible and/or ad-
vantageous.

[0014] The term "and/or" when used, for example, in
a form such as A, B, and/or C refers to any combination
or subset of A, B, C such as (1) A alone, (2) B alone, (3)
C alone, (4) A with B, (5) A with C, (6) B with C, and (7)
A with B and with C. As used herein in the context of
describing structures, components, items, objects,
and/or things, the phrase "at least one of A and B" is
intended to refer to implementations including any of (1)
at least one A, (2) at least one B, and (3) at least one A
and atleastone B. Similarly, as used herein in the context
of describing structures, components, items, objects
and/or things, the phrase "at least one of A or B" is in-
tended to refer to implementations including any of (1)
at least one A, (2) at least one B, and (3) at least one A
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and at least one B. As used herein in the context of de-
scribing the performance or execution of processes, in-
structions, actions, activities and/or steps, the phrase "at
least one of A and B" is intended to refer to implementa-
tions including any of (1) at least one A, (2) at least one
B, and (3) at least one A and at least one B. Similarly, as
used herein in the context of describing the performance
or execution of processes, instructions, actions, activi-
ties, and/or steps, the phrase "at least one of A or B" is
intended to refer to implementations including any of (1)
at least one A, (2) at least one B, and (3) at least one A
and at least one B.

[0015] In addition, it should be understood that refer-
ences to "one embodiment" or "an embodiment" of the
present disclosure are not intended to be interpreted as
excluding the existence of additional embodiments that
also incorporate the recited features.

Overview

[0016] The phrase "additive manufacturing apparatus"
is used interchangeably herein with the phrase "printing
apparatus"and term "printer", and the term "print" is used
interchangeably herein with the word "build", referring to
an action to build a structure using an additive manufac-
turing apparatus, regardless of the particular additive
manufacturing technology being used to form the struc-
ture. As used herein, printand printing refer to the various
forms of additive manufacturing and include three-di-
mensional (3D) printing or 3D rapid prototyping, as well
as sintering or melting/fusing technologies. Examples of
additive manufacturing or printing techniques include
Fused Deposition Modeling, Electron Beam Melting,
Laminated Object Manufacturing, Selective Laser Sin-
tering (including Direct Metal Laser Sintering also re-
ferred to as Direct Metal Laser Melting or Selective Laser
Melting), and Stereolithography among others.

[0017] For example, selective laser melting (SLM), al-
so known as direct metal laser melting (DMLM), Direct
Metal Laser Sintering (DMLS), or laser powder bed fusion
(LPBF), is a rapid prototyping, 3D printing, or additive
manufacturing (AM) technique designed to use a high
power-density laser to melt and fuse metallic powders
together. The SLM process can fully melt the metal ma-
terial into a solid three-dimensional part, for example.
[0018] SLMis a partof additive manufacturing in which
a high power density laser is used to melt and fuse me-
tallic powders together. With SLM, thin layers of atomized
fine metal powder are evenly distributed onto a substrate
plate (e.g., a metal, etc.) using a coating mechanism.
The substrate plate is fastened to an indexing table that
moves in the vertical (Z) axis. This takes place inside a
chamber containing a tightly controlled atmosphere of
inert gas, either argon or nitrogen at oxygen levels below
500 parts per million, for example. Once each layer has
been distributed, each two-dimensional (2D) slice of the
part geometry is fused by selectively melting the powder.
Melting of the powder is accomplished with a high-power
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laser beam, such as an ytterbium (Yb) fiber laser with
hundreds of watts, etc. The laser beam is directed in the
XandY directions with two high frequency scanning mir-
rors. The laser energy is intense enough to permit full
melting (welding) of the particles to form solid metal. The
process is repeated layer after layer until the part is com-
plete.

[0019] Direct Metal Laser Melting (DMLM) or Direct
Metal Laser Sintering (DMLS) are particular type(s) of
SLM that use a variety of alloys and allows prototypes to
be functional hardware made out of the same material
as production components. Since the components are
built layer by layer, it is possible to design organic ge-
ometries, internal features, and challenging passages
that could not be cast or otherwise machined. For exam-
ple, DMLS produces strong, durable metal parts that
work well as functional prototypes and/or end-use pro-
duction parts, for example.

[0020] The DMLS process begins by slicing 3D com-
puter-aided design (CAD) file data into layers (e.g., from
20 to 100 micrometers thick, 30-120 pm thick, 50-150
pm thick, etc.), creating a two-dimensional (2D) image
of each layer. For example, a format of the 3D CAD file
is a .stl file used on most layer-based 3D printing or ster-
eolithography technologies. This file is then loaded into
a file preparation software package that assigns param-
eters, values and physical supports that allow the file to
be interpreted and built by different types of additive man-
ufacturing machines, for example.

[0021] The DMLS machine uses a high-powered 200
watt Yb-fiber optic laser, for example. The machine in-
cludes abuild chamber area including a material dispens-
ing platform and a build platform along with a re-coater
blade used to move new powder over the build platform.
The technology fuses metal powder into a solid part by
melting it locally using the focused laser beam. A melt
pool is formed when the powder melts from exposure to
the laser beam radiation. Parts are built up additively lay-
er by layer (e.g., using layers 10 micrometers thick, 20
pm thick, 30 wm thick, 50 um thick, etc.). The machine
can include and/or operate with monitoring and control
systems and methods, such as iterative learning control,
continuous autocalibration, and real-time melt pool mon-
itoring, etc., to introduce a step change in the build proc-
ess performance and stability, for example. Certain ex-
amples enable melt pool monitoring, iterative learning
control, continuous auto-calibration, real-time melt pool
control, etc.

[0022] Otheradditive manufacturing methods, such as
Electron Beam Melting (EBM), can be used for crack-
prone metal alloys, such as titanium, etc. With EBM, high-
performance electron beam sources and in-situ process
monitoring using "self-generated" x-ray imaging and
backscatter electron technologies can be used for im-
proved quality control. A binder jet allows fast printing at
lower cost with novel support structure designs and
clean-burning binders to solve two key technology chal-
lenges of sintering distortion and material properties to
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enable additive manufacturing for automotive, other
transportation solutions, powder generation, etc.

[0023] Certain examples improve management and
analysis of complex, high-dimensional, high-volume,
camera data generated by an additive printing machine
during a 3D printing process. Example camera data in-
cludes an in situ video capture of the 3D printing process,
which enables capture of in situ melt pool characteristics.
Analysis of such in situ melt pool characteristics can re-
veal insights about compliance of a build process with a
plan, schematic, model, material tolerance, etc., includ-
ing identification of deviation from desired build charac-
teristics, etc. Upon discovering a deviation, certain ex-
amples provide a 3D printing process that can be rapidly
brought back into compliance in situ through compensa-
tion and/or other adjustment of associated process pa-
rameter(s) using a controller. As such, certain examples
provide a real time (or substantially real time given data
processing, transmission, and/or storage latency, etc.)
check on the quality of a part being built to correct or
adjust printing that could otherwise lead to formation of
defective characteristic(s) in the part.

[0024] In situ quality control of a 3D printing or additive
manufacturing process presents multiple challenges. For
example, such quality control is complex due to size of
captured data as well as a rate at which the data grows.
Other challenges include managing storage of such data
over time, in situ analysis of such data in a time-efficient
manner to enable in situ compensation, an ability to de-
ploy such analysis into a limited ecosystem of compute
and memory resources available to a 3D printer control-
ler, an ability to index such data so as to tie the data to
accurate spatio-temporal co-ordinates, an ability to ac-
commodate variability induced from multiple environ-
mental and process-independent factors when perform-
ing such analyses, etc. Certain examples address these
challenges.

[0025] Certain examples provide a deep learning
based, undercomplete autoencoder to reduce dimen-
sionality of a camera image by multiple orders of magni-
tude while retaining an ability to reconstruct images with
low error. Certain examples provide an analytical process
to convert captured video into relevant image frames to
preserve critical information (e.g., only the most relevant
frames required to preserve critical information, etc.).
Certain examples provide region-growing based image
preprocessing to segment a melt pool in an overallimage
frame. Certain examples provide in situ analytics, de-
ployedinamachine on-board system, to process camera
data to produce insights, including process deviations,
etc. Certain examples provide a storage mechanism to
efficiently deposit a low-dimensional autoencoder repre-
sentation of a generated image on a machine-edge and
the cloud. Certain examples provide analytics to perform
analyses on a compressed representation to generate
ex situ insights that can augment information into the in
situ insights towards better overall fidelity.

[0026] In certain examples, a machine vision-based
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process monitoring system can be used to monitor the
building of layers of one or more objects by an additive
manufacturing apparatus, and, in some examples, to de-
tect operational flaws as they occur, (e.g., during the build
process rather than afterward). In other examples, eval-
uation/analysis of images acquired during the build proc-
ess is performed as part of post-processing (and not as
part of the real-time acquisition of images). Real-time ac-
quisition as used herein refers to the image capture of
individual layer(s) of the structure as the structure is being
built ("printed"). Real-time analysis refers to evaluation
of the acquired images of the various layers.

[0027] Operational flaws may include, as examples,
errors with the structure(s), build process, or additive
manufacturing apparatus, or indicators that one or more
errors are likely to occur with the structure(s), build proc-
ess, or additive manufacturing apparatus. Flaws can in-
clude errors or anomalies in the melt pool. In some em-
bodiments, action(s) may be taken responsive to observ-
ing that an operational flaw has occurred. For instance,
remedial actions may be taken so that the flaw can be
corrected, the build process stopped, the problem fixed,
a new build started, etc.

[0028] An example additive manufacturing apparatus
100 is illustrated in FIG. 1 in the context of printed dis-
posable dies for casting of parts. The disposable core
dies in this example are built out of melted polymer or
melted metal material, although other materials are pos-
sible. Example additive manufacturing apparatus can in-
clude SLM, DMLM, DMLS, EBD, laser direct metal dep-
osition (LDMD), laser metal deposition (LMD), laser net
shape manufacturing (LNSM) deposition, and/or other
additive manufacturing apparatus involving a melt pool.
The example additive manufacturing apparatus 100 is
illustrated in the example of FIG. 1 as a DMLM system.
[0029] According to aspects described herein, an im-
aging system is leveraged for monitoring of build quality
and machine health during an additive manufacturing
process to build a structure, so that the quality of the
structure being built, and the health of the additive man-
ufacturing apparatus can be assessed. Aspects of the
monitoring and analyzing can be performed in real-time,
e.g. during the build process.

[0030] In certain examples, additive manufacturing
systems, such as Direct Metal Laser Melting (DMLM)
systems, include a focused energy source and an imag-
ing device. During operation of the focused energy
source, the imaging device generates a time exposure
image of a melted particulate forming a melt pool. In some
examples, substantially the entire melt pool is captured
in the time exposure image. The time exposure image
illustrates intensity of light emitted throughout the melt
pool. In some examples, the time exposure image is in-
spected to determine variations and defects in the addi-
tive manufacturing process. As a result, errors in the ad-
ditive manufacturing process are corrected and the proc-
ess is improved. In some examples, the time exposure
image is used in a feed-forward process to improve the
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manufacturing of subsequent components.

Example Additive Manufacturing Apparatus

[0031] FIG. 1 depicts one example of an additive man-
ufacturing apparatus that can be used in connection with
systems and methods disclosed and described herein.
FIG. 1 is a schematic view of an example additive man-
ufacturing system 100 including an imaging device 102.
In the example of FIG. 1, the additive manufacturing sys-
tem 100 is a direct metal laser melting (DMLM) system.
The example additive manufacturing system 100 further
includes a focused energy source 104 (e.g., a laser, etc.)
optically coupled to optics 106 and one or more galva-
nometers 108 to control the scanning of a focused energy
source 104. In the example of FIG. 1, the focused energy
source 104 is a laser device. In alternative examples, the
additive manufacturing system 100 includes any focused
energy source(s) 104 that enable additive manufacturing
system 100 to operate as described herein. Forexample,
the additive manufacturing system 100 can include a first
focused energy source 104 having a first power and a
second focused energy source 104 having a second
power different from the first power. In further examples,
the additive manufacturing system 100 has at least two
focused energy sources 104 having substantially the
same power output. In further examples, the additive
manufacturing system 100 includes at least one focused
energy source 104 that is an electron beam generator.
[0032] Inthe example of FIG. 1, the additive manufac-
turing system 100 includes a housing 110 defining a sur-
face 112 configured to hold a particulate 114 (e.g., pow-
dered metal, polymer, etc.). The housing 110 includes a
bottom wall 116 defining a surface 112, a top wall 118
opposite the bottom wall 116, and a sidewall 120 at least
partially extending between the bottom wall 116 and the
top wall 118. In alternative examples, the housing 110
includes any walls and surfaces that enable the additive
manufacturing system 100 to operate as described here-
in. In the example of FIG. 1, a sidewall 120 defines a
viewport 122 therein. In other examples, the viewport 122
is defined by any portion of the housing 110 that enables
the additive manufacturing system 100 to operate as de-
scribed herein. For example, the viewport 122 can be at
least partially defined the by top wall 118. In some ex-
amples, the housing 110 defines a plurality of viewports
122.

[0033] In the example of FIG. 1, the imaging device
102 (e.g., acamera, scanner, etc.) is positioned adjacent
the viewport 122 on the exterior of housing 110. Animage
axis 126 extends between the imaging device 102 and
the particulate 114 on the surface 112. Accordingly, in
the example of FIG. 1, the image axis 126 extends
through the viewport 122. The imaging device 102 is
spaced a distance 124 from the surface 112 measured
along the image axis 126. In particular, the image axis
126 extends through an aperture 148 of the imaging de-
vice 102. In the example of FIG. 1, the image axis 126
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makes an angle 128 with the surface 112.

[0034] As used herein, the term "field of view" refers
to an extent of an object that the imaging device 102
captures in an image. In the example of FIG. 1, the field
of view of the imaging device 102 is in reference to the
surface 112 and depends on a position and orientation
of the imaging device 102 in relation to the surface 112.
The field of view of the imaging device 102 is adjusted
by adjusting components of the imaging device 102, such
as the optics 106, etc., and the distance between the
surface 112 and the imaging device 102.

[0035] Inthe example of FIG. 1, the additive manufac-
turing system 100 also includes a computer control sys-
tem, or controller 130. The galvanometer(s) 108 are con-
trolled by the controller 130 and deflect a beam 132 of
the focused energy source 104 along a predetermined
path on the surface 112. In some examples, the galva-
nometers 108 include two-dimension (2D) scan galva-
nometers, three-dimension (3D) scan galvanometers,
dynamic focusing galvanometers, and/or any other gal-
vanometer system that deflects the beam 132 of the fo-
cused energy source 104. In some examples, the galva-
nometers 108 deflect a plurality of beams 132 along at
least one predetermined path.

[0036] The example additive manufacturing system
100 is to fabricate a component 134 by a layer-by-layer
manufacturing process. The component 134 is fabricated
from an electronic representation of a 3D geometry of
the component 134. In some examples, the electronic
representation is produced in a computer aided design
(CAD) or similar file. In other examples, the electronic
representation is any electronic representation that en-
ables the additive manufacturing system 100 to operate
as described herein. In the example of FIG. 1, the CAD
file associated with the component 134 is converted into
a layer-by-layer format that includes a plurality of build
parameters for each layer. In the example of FIG. 1, the
component 134 is arranged electronically in a desired
orientation relative to an origin of a coordinate system
used in the additive manufacturing system 100. The ge-
ometry of the component 134 is sliced or otherwise di-
vided into a stack of layers of a desired thickness, such
that the geometry of each layer is an outline of the cross-
section through the component 134 at that particular lay-
er location. A "toolpath" or "toolpaths" are generated
across the geometry of a respective layer. The build pa-
rameters are applied along the toolpath or toolpaths to
fabricate that layer of the component 134 from the ma-
terial used to construct the component 134. These ac-
tions are repeated for each respective layer of compo-
nent 134 geometry. Once the process is completed, an
electronic computer build file (or files) is generated in-
cluding all of the layers. The build file is loaded into the
controller 130 of the additive manufacturing system 100
to control the system during fabrication of each layer to
form the component 134.

[0037] After the build file is loaded into the controller
130, the additive manufacturing system 100 is operated
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to generate the component 134 by implementing a layer-
by-layer manufacturing process, such as a DMLM meth-
od, LMD method, EBM method, etc. The example layer-
by-layer additive manufacturing process does not use a
pre-existing article as a precursor to the final component
134. Rather, the process produces the component 134
from a raw material in a configurable form, such as the
particulate 114 (e.g., heating to form a melt pool of the
particulate 114, etc.). For example, without limitation, a
steel component is additively manufactured using a steel
powder. The additive manufacturing system 100 enables
fabrication of components using a broad range of mate-
rials, for example, without limitation, metals, ceramics,
and polymers. In other examples, DMLM, etc., fabricates
components from any materials that enable the additive
manufacturing system 100 to operate as described here-
in.

[0038] As used herein, the term "parameter" refers to
one or more characteristics that are used to define the
operating conditions of the additive manufacturing sys-
tem 100, such as a power output of the focused energy
source 104, a vector scanning speed of the focused en-
ergy source 104, a raster power output of the focused
energy source 104, a raster scanning speed of the fo-
cused energy source 104, a raster tool path of the fo-
cused energy source 104, and/or a contour power output
ofthe focused energy source 104 within the additive man-
ufacturing system 100. In some examples, the parame-
ters are initially input by a user into the controller 130
and/or configured via a parameter file, input set of pa-
rameters, etc. The parameters represent a given oper-
ating state of the additive manufacturing system 100. In
general, during raster scanning, the beam 132is scanned
sequentially along a series of substantially straight lines
spaced apart and parallel to each other. During vector
scanning, the beam 132 is generally scanned sequen-
tially along a series of substantially straight lines or vec-
tors, where the orientations of the vectors relative to each
other sometimes varies. In general, an ending point of
one vector coincides with the beginning point of the next
vector. Vector scanning is generally used to define the
outer contours of a component, whereas raster scanning
is generally used to "fill" the spaces enclosed by the con-
tour, where the component 134 is solid, for example.
[0039] In the example of FIG. 1, the imaging device
102includes a camera 136 including a lens 138, a sensor
140, a casing 142, a filter 144, and a shutter 146. The
casing 142 defines an aperture 148 for light to enter an
interior space 150 defined by the casing 142. The lens
138, the filter 144, and the shutter 146 are disposed ad-
jacentthe aperture 148. The lens 138 directs and focuses
light on the sensor 140, which is disposed in the interior
space 150. The filter 144 filters light and inhibits overex-
posure of the sensor 140. In the example of FIG. 1, the
filter 144 is configured to reduce the intense light emitted
by the focused energy source 104. In other examples,
the camera 136 includes other components that enable
the imaging device 102 to operate as described herein.
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[0040] In the example of FIG. 1, the shutter 146 is po-
sitionable between an open position that allows light to
travel through the aperture 148 and a closed position that
inhibits light traveling through the aperture 148. In this
example, the shutter 146 is configured to be maintained
in the open position and in the closed position for prede-
termined periods of time. For example, the shutter 146
moves between the open position and the closed position
in a sequence of exposures that are configured to gen-
erate a time exposure image. The sequence of expo-
sures reduces the amount of stray light from adjacent
portions of the build that is included in the time exposure
image. As a result, the time exposure image generated
from a sequence of exposures can be more detailed with
than animage generated from an exposure with the shut-
ter maintained in the open position.

[0041] In the example of FIG. 1, the imaging device
102 includes a trigger 152 to control exposure of the sen-
sor 140 to light. The trigger 152 facilitates positioning of
the shutter 146 in the open position such that the sensor
140 is exposed to sufficient light to generate a time ex-
posure image. In other examples, the trigger 152 is any
mechanism that enables the imaging device 102 to op-
erate as described herein. In the example of FIG. 1, the
trigger 152 receives a signal relating to an operating char-
acteristic of the focused energy source 104. Forexample,
the trigger 152 receives a signal at the commencement
and completion of a layer build. In some examples, the
trigger 152 receives a signal based on an amount of light
in the melt pool during operation of the focused energy
source 104. In some examples, the trigger 152 receives
signals based on input data, sensor information, and/or
other information that enables the imaging device 102 to
operate as described herein. In some examples, based
onthereceived signals, the trigger 152 causes the shutter
146 to move to the open position or the closed position
and remain in the selected position for a predetermined
time period or until the trigger 152 receives another sig-
nal.

[0042] During operation of the imaging device 102, the
shutter 146 is positioned in the open position such that
light is allowed to travel through the aperture 148 and
strike the sensor 140. The light activates the sensor 140
and is converted to electronic signals. In the example of
FIG. 1, the sensor 140 includes a plurality of pixels (not
shown) that are activated by light. In other examples, the
sensor 140 is any sensor that enables the imaging device
102 to operate as described herein. In the example of
FIG. 1, the shutter 146 is moved from the open position
to the closed position and an image is generated based
on the exposure of the sensor 140 while the shutter 146
isin the open position. In other examples, the shutter 146
is moved between the open position and the closed po-
sition while the shutter 146 is exposed to light. The time
exposure image is generated based on a cumulative ex-
posure of the sensor 140 and/or based on digitally sum-
ming distinct exposures. In the example of FIG. 1, the
image is transmitted to a processor 154 coupled to the
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camera 136. In some examples, the processor 154 is
configured to recognize differences in light intensity in
the image.

[0043] In the example of FIG. 1, the shutter 146 is
moved to the open position prior to generation of the
beam 132 by the focused energy source 104. The shutter
146 is maintained in the open position such that the sen-
sor 140 is activated by light emitted from the melt pool
as the beam 132 moves along the melt pool, for example.
When the shutter 146 is moved to the closed position, a
time exposure image of the melt pool is generated. In
other examples, the shutter 146 is moved to the open
position and the closed position at any times that enable
the additive manufacturing system 100 to operate as de-
scribed herein (e.g., through constant still and/or video
image capture, etc.). In some examples, the shutter 146
is moved to the open position after activation of the fo-
cused energy source 104 and moved to the closed po-
sition prior to deactivation of the focused energy source
104.

[0044] Inthe example of FIG. 1, the controller 130 is a
controller provided by a manufacturer of the additive
manufacturing system 100 to control operation of the ad-
ditive manufacturing system 100. In some examples, the
controller 130 is a computer system that includes at least
one processor and at least one memory device. In some
examples, the controller 130 includes a 3D model and/or
other file representing the component 134 to be fabricat-
ed by the additive manufacturing system 100. In some
examples, the controller 130 executes operations to con-
trol the operation of the additive manufacturing system
100. Operations executed by the controller 130 include
controlling power output of the focused energy source
104 and adjusting the galvanometers 108 to control the
scanning speed of the focused energy source 104 within
the additive manufacturing system 100.

[0045] In the example of FIG. 1, a computing device
156 is coupled to the imaging device 102 and the focused
energy source 104. The computing device 156 includes
a memory or other storage device 158 and a processor
154 coupled to the memory device 158. In some exam-
ples, the processor 154 includes one or more processing
units, such as, without limitation, a multi-core configura-
tion. In the example of FIG. 1, the processor 154 includes
a field programmable gate array (FPGA). Alternatively,
the processor 154 is any type of processor that permits
the computing device 156 to operate as described herein.
In some examples, executable instructions are stored in
the memory device 158. The computing device 156 is
configurable to perform one or more operations de-
scribed herein by programming the processor 154. For
example, the processor 154 is programmed by encoding
an operation as one or more executable instructions and
providing the executable instructions in the memory de-
vice 158. In the example of FIG. 1, the memory device
158 includes one or more devices that enable storage
and retrieval of information such as executable instruc-
tions and/or other data. In some examples, the memory
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device 158 (also referred to as a memory circuit, storage
device, or memory) includes one or more computer read-
able media, such as, without limitation, random access
memory (RAM), dynamic RAM, static RAM, a solid-state
disk, a hard disk, read-only memory (ROM), erasable
programmable ROM, electrically erasable programma-
ble ROM, or non-volatile RAM memory. The above mem-
ory types are examples only and are thus not limiting as
to the types of memory usable for storage of a computer
program.

[0046] In some examples, the memory device 158 is
configured to store build parameters including, without
limitation, real-time and historical build parameter values,
and/or other type of data. In the example of FIG. 1, the
memory device 158 stores images generated by the im-
aging device 102. In other examples, the memory device
158 stores data that enables the additive manufacturing
system 100 to operate as described herein. In some ex-
amples, the processor 154 removes or "purges" data
from the memory device 158 based on the age of the
data. For example, the processor 154 (also referred to
as processor circuitry, processing circuitry, etc.) over-
writes previously recorded and stored data associated
with a subsequent time or event. In addition, or alterna-
tively, the processor 154 removes data that exceeds a
predetermined time interval. In addition, the memory de-
vice 158 includes, without limitation, sufficient data, al-
gorithms, and commands to facilitate monitoring and
measuring of build parameters and geometric conditions
of the component 134 fabricated by the additive manu-
facturing system 100.

[0047] In some examples, the computing device 156
(also referred to as a computer, computer device, etc.)
includes a presentation interface 160 coupled to the proc-
essor 154. The presentation interface 160 presents in-
formation, such as images generated by the imaging de-
vice 102, to a user. In one example, the presentation
interface 160 includes a display adapter (not shown) cou-
pled to a display device (not shown), such as a cathode
ray tube (CRT), a liquid crystal display (LCD), an organic
LED (OLED) display, an "electronic ink" display, etc. In
some examples, the presentation interface 160 includes
one or more display devices. In addition, or alternatively,
the presentation interface 160 includes an audio output
device (not shown), such as an audio adapter or a speak-
er (not shown).

[0048] In some examples, the computing device 156
includes a user input interface 162. In the example of
FIG. 1, then user input interface 162 is coupled to the
processor 154 and receives input from the user. In some
examples, the user input interface 162 includes, for ex-
ample, a keyboard, a pointing device, a mouse, a stylus,
a touch sensitive panel (e.g., a touch pad or a touch
screen, etc.), and/or an audio input interface (e.g., a mi-
crophone, etc.), etc. In further examples, a single com-
ponent, such as a touch screen, etc., functions as both
a display device of the presentation interface 160 and
the user input interface 162.
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[0049] In the example of FIG. 1, a communication in-
terface 164 is coupled to the processor 154 and is con-
figured to be coupled in communication with one or more
other devices, such as the imaging device 102, and to
perform input and output operations with respect to such
devices while performing as an input channel. For exam-
ple, the communication interface 164 can include a wired
network adapter, a wireless network adapter, a mobile
telecommunications adapter, a serial communication
adapter, a parallel communication adapter, etc. The com-
munication interface 164 receives a data signal from
and/or transmits a data signal to one or more remote
devices. For example, the communication interface 164
of the computing device 156 communicates with the con-
troller 130.

[0050] Theexample presentationinterface 160 andthe
communication interface 164 are both capable of provid-
ing information suitable for use with the methods de-
scribed herein, such as, providing information to the user,
the processor 154, etc. Accordingly, the presentation in-
terface 160 and the communication interface 164 are re-
ferred to as output devices. Similarly, the user input in-
terface 162 and the communication interface 164 are ca-
pable of receiving information suitable for use with the
methods described herein and are referred to as input
devices.

[0051] In certain examples, the controller 130 controls
the beam 132 from the focused energy source 104 to
form a melt pool of the particulate 114. The melt pool of
particulate 114 can be formed on the surface of a metallic
substrate, for example. In certain examples, a gas stream
injects metal powder particulate 114 (e.g., via a nozzle)
into the melt pool to produce a deposit on the surface.
The particulate 114 can be formed of a single type of
metal powder and/or can be a mix of metal and/or other
additive powders to form an alloy when heated, for ex-
ample. Powder introduced to and/or near the melt pool
is heated and is absorbed by the melt pool, remains solid
and unattached, and/or partially melts and becomes at-
tached to the solidified product, for example.

[0052] In an example laser metal deposition process,
one or more nozzles blow the powder particulate 114 into
the process/build area. The laser beam 132 and the pow-
der particulate 114 interact to preheat the particles 114
to atemperature below their melting point. The preheated
particles 114 are absorbed into the laser-induced melt
pool. The laser beam 132 and powder nozzles are moved
by the controller 130 in the Z direction while the compo-
nent 134 being constructed/modified is moved in the X-
Y plane for a cross-sectional geometry of deposit. Alter-
natively or in addition, the bed or build area on which the
component 134 being constructed/modified is positioned
is moved up or down along a Z axis. Multiple layers are
built on top of each other to form the 3D component 134.
Heat transfer and hydrodynamic flow of the beam-in-
duced melt pool enable formation of the component 134
and/or welding, cladding, surface alloying, etc., of the
component 134, for example.
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[0053] A plurality of process parameters affect the
microstructure and mechanical properties of a 3D printed
object (e.g., the component 134) using a powder bed
fusion and/or other laser-based melting process, includ-
ing scanning speed (e.g., in millimeters per second
(mm/s), etc.), beam speed/speed function, beam current
or beam power (e.g., in Watts (W), etc.), layer thickness
(e.g., in mm, etc.), and line offset. Such parameters can
be adjusted and/or optimized to resultin desired 3D print-
ed object properties. For example, beam power, scan
speed, spacing, layer thickness, etc., affect an energy
density (e.g., average applied energy per volume of ma-
terial, JJ/mm3). In some examples, the beam speed can
be adjusted near an edge of the object 134 to prevent
overheating. Layer thickness (e.g., 50-150um) affects
geometric accuracy of a fabricated object and can be
varied depending on the type of 3D printer used, as well
as other process parameters such as material powder
particle size, etc. Additionally, a scanning pattern and
scanning speed also affect the final 3D printed object 134
microstructure and porosity. For example, a scanning
pattern (e.g., cross-section of layer) represents the geo-
metric track of the electron beam and/or laser beam 132
used to melt the metal powder to form a cross-section
on apowder bed/build area. Such geometries caninclude
outer contours, inner contours, and/or a hatch pattern,
for example.

[0054] Thus,theimaging device 102 and/or other cam-
era(s) can be mounted and/or otherwise positioned in
the vicinity of the build platform on which the component
134 is manufactured via the 3D printing apparatus 100.
For example, the camera can be internal to the build
chamber. Additionally or alternatively, camera(s) can be
mounted about or adjacent to a build chamber (e.g.,
mounted outside of the build chamber and viewing the
melt pool and/or other aspect of the build process through
an aperture, door, window, etc.).

[0055] Various types of camera(s)can be used. Ingen-
eral, line scan cameras can produce very high resolution
images, enabling detection of features that would other-
wise go undetected with lower resolution equipment.
Many line scan cameras are capable of producing imag-
es having resolution of 12 K at 50 um per pixel, though
even small pixel width of 5-15 um is possible in some
cases. Line scan cameras, however, need to be moved
over the area to be imaged. Other types of cameras, such
as a Digital Single-lens Reflex (DSLR) type camera, do
not need to be moved, can more easily be positioned
outside, or can be stationary within the build chamber,
and can capture images at an angle with specialized lens-
es. Image resolution, however, is generally not as robust
as that of high-end line scan cameras. Accordingly, the
particular imaging equipment used may vary depending
on the circumstances and desired flaws to monitor.
[0056] The imaging system 102 and/or other cam-
era(s) can capture images in real-time during the build
process. The images can then be evaluated, in real time
(or substantially real-time given data capture, transmis-
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sion, processing, and/or storage latency), in one exam-
ple, using one or more algorithms executed as software
on a data processing system. The data processing sys-
tem can be included as part of the camera/imaging sys-
tem 102, in one example. In other examples, the data
processing system is in wired or wireless communication
with a camera responsible for acquiring the images,
where the camera communicates the images through
one or more wired or wireless communication paths to a
data processing system. The data processing system
can be the controller 130 and/or computing device 156
system described above, and/or can be a different data
processing system dedicated to evaluation of the ac-
quired images, for example.

[0057] The camera(s) can intermittently or periodically
acquire still frame images of the build process and/or
video of the build process. In some examples, the reso-
lution of the camera(s) is set to about 25 micrometers
per pixel, corresponding approximately to a 2" field of
view, though camera(s) with different resolutions and/or
different fields of view can alternatively be used.

[0058] Certain examples manage and analyze high-
dimensional, high-volume, camera data generated by an
additive printing machine, such as the example appara-
tus 100, during the printing process. Certain examples
provide a deep learning based, undercomplete autoen-
coder to reduce dimensionality of a camera image by
multiple orders while retaining an ability to reconstruct
images with low error. Certain examples provide analyt-
ics to convert captured video into relevant image frames
to preserve critical information. In certain examples, cap-
tured image(s) of the melt pool are preprocessed using
region-growing based image preprocessing to segment
the melt pool in the overall image frame. Further, in situ
analytics, deployed in a machine on-board system, can
process the camera data to produce insights, including
process deviations, etc., with respect to the melt pool and
a 3D printing process. Certain examples provide a stor-
age mechanism to efficiently deposit a low-dimensional
autoencoder representation of a generated image such
as on the printing apparatus, on a controller, on an edge
device, in the cloud, etc. Certain examples perform anal-
yses on a compressed image representation to generate
ex situ insights that can augment information from in situ
insights to provide improved overall fidelity.

[0059] Presently, the complexity of storing high dimen-
sional camera data is addressed using threshold-based
techniques, which can be shown to be extremely lossy
and incapable of high-fidelity detection of melt pool non-
compliance. To address these and other concerns, cer-
tain examples provide improved analysis, processing,
and storage of camera data (e.g., as features extracted
to form compressed camera data, etc.).

[0060] Certain examples provide systems and meth-
ods for offline model development to represent expected
melt pool characteristics such as an image power signa-
ture, etc. Machine learning model(s) can be trained, test-
ed, and deployed to be used with the additive manufac-
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turing apparatus (e.g., the example apparatus 100, etc.)
to identify/predict defects, anomalies, etc., when used to
process image data acquired for an ongoing additive
manufacturing process.

[0061] Certain examples provide compression, man-
agement, and analysis of downbeam camera data for
additive manufacturing. Certain examples develop a ma-
chine learning and/or other artificial intelligence (Al) mod-
el that is developed (e.g., trained and tested, etc.) offline
and then deployed as a model construct to be applied
online to image data captured for an ongoing additive
manufacturing process.

[0062] FIG. 2illustrates an example additive manufac-
turing monitoring and control system 200. The example
system 200 includes an Al model developer 210, an im-
age data processor 220, a data storage 230, a controller
240, the camera 102, and the additive manufacturing ap-
paratus 100. In the example of FIG. 2, the Al model de-
veloper 210 develops (e.g., trains, tests, and deploys)
one or more Al network models (e.g., a machine learning
network model such as a convolutional neural network
(CNN) (e.g., an Inception V1 network, an Inception V4
network, an Xception network, etc.), a recurrent neural
network (RNN) (e.g., a long short-term memory (LSTM),
etc.), an encoder-based network model (e.g., an autoen-
coder, etc.), other Al network model, etc.) to be deployed
for use by the image data processor 220.

[0063] Forexample, the camera 102 can obtain image
data, such asimages of a melt pool formed by the additive
manufacturing apparatus 100, and the image data can
be used by the Al model developer 210 to train and/or
test one or more Al models. Alternatively or additionally,
preset, reference, and/or other previously obtained im-
ages of a melt pool can be used to train the Al model
developer 210. Training and/or testing images can be
stored in the data store 230, for example. Once the Al
model(s) is trained and tested, the Al model(s) can be
deployed, such as by storing the Al model(s) in the data
storage 230, deploying the Al model(s) to the image data
processor 220, etc.

[0064] In the example of FIG. 2, the image data proc-
essor 220 receives the Al model(s) from the Al modeler
developer 210, the data storage 230, etc., and image
data from the data storage 230, the camera 102, etc. The
image data processor 220 processes the image data
(e.g., ofa melt pool) using the Al model(s) to characterize
and/or otherwise evaluate the melt pool represented in
the image data. For example, the Al model(s) can com-
pare a captured melt poolimage (e.g., features extracted
from the captured melt pool image, other image charac-
teristics, etc.) to reference melt pool image values (e.g.,
reference, ground truth or "known" image feature values
encoded in the Al network model, etc.) to determine
whether or not the captured melt pool image corresponds
to an expected melt pool image for formation of a com-
ponent 134 by the additive manufacturing apparatus 100
oris distinct from the expected image, which may indicate
that the 3D printing of the component 134 by the appa-
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ratus 100 is proceeding incorrectly. An outcome of the
image data processor 220 can be provided to the con-
troller 240 (e.g., the controller 130 and/or the computing
device 156, etc.) to adjust operation of the additive man-
ufacturing apparatus 100. As such, the additive manu-
facturing apparatus 100 can react in real time (or sub-
stantially real time given data capture, transmission,
processing, storage, and/or recalibration latency, etc.) to
adjust parameters of the apparatus 100 to correct printing
of the component 134 during, rather than after, the 3D
printing operation, for example.

[0065] FIG. 3 illustrates an example implementation of
the Al model developer 210 of FIG. 2. As shown in the
example of FIG. 3, the example Al model developer 210
includes a database 310 of downbeam camera (DBC)
data (e.g., image data from the data storage 230, camera
102, etc.) to train and/or test one or more Al models. An
image filter 320 processes the image data from the da-
tabase 310 tofilter dark frames of the image data, identify
label(s) 325 in the image frames/slices, etc. Forexample,
images of example, actual, and/or reference melt pools
are filtered to remove dark frames of melt pool image
data (e.g., frames that do not include an image of the
melt pooland are instead all or mostly "dark") and identify
label(s) 325 in the remaining melt pool image data. A
segmenter 330 segments a region of interest (ROI) 335
around a lighter portion (e.g., a "bright spot", etc.) repre-
senting the melt pool in the filtered, labeled image 337.
[0066] The segmented ROI 335 from a plurality of im-
ages 337 forms a data set for training, testing, and/or
validating one or more Al models. An entitlement model
developer 340 divides the data set into a training data
set, a validation data set, and a testing data setto develop
one or more entitlement Al models, which provide direct
analysis of raw downbeam camera frame data to deter-
mine a best fit/best guess without restrictions on deploy-
ment scenario. For example, the training data set is used
to train the Al model. The validation data set is used to
evaluate Al model fit on the training data set while tuning
hyperparameters of the Al model. The testing data set is
used to provide a final evaluation of a final model fit on
the training data set. In certain examples, an image data
set is divided into training and test datasets according to
an 80% - 20% split between training data and testing
data, respectively. The training, validation, and testing
data sets can be used to train one or more Al models,
such as one or more classifiers, encoders, etc., to identify
and correlate melt pool image features for fingerprinting
(FP) and microstructure anomalies/defect detection
(AD), for example.

[0067] Anencoder model developer 350 trains and val-
idates an autoencoder using the training and validation
data sets. The encoder model developer 350 explicitly
considers deployment scenarios and constraints when
determining best fit/best guess for the encoder Al model.
For example, the encoder model developer 350 trains,
tests, and validates an encoder-based Al model 355 that
focuses initially on compressing raw image data and
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looking at performance achievable in the compressed
information space.

[0068] A bottleneck feature extractor 360 extracts bot-
tleneck features represented in a final convolutional layer
of an Al network model before its fully-connected output
layer. The bottleneck feature extractor 360 captures fea-
tures represented in the bottleneck convolutional layer,
and a correlator 370 processes the bottleneck features
to evaluate whether the extracted bottleneck features
preserve information to correlate to an image feature fin-
gerprint, anomaly/defect detection, etc. The correlator
370 can compare the extracted bottleneck features to
label(s) 325 provided by the filter 320 to determine an Al
model fit, readiness, etc., for example. In certain exam-
ples, the correlator 370 can determine which Al model(s)
among a plurality of Al models being developed by the
entittement model developer 340 and the encoder model
developer 350 are fit to characterize the melt pool image
data for the additive manufacturing apparatus 100 and
can be deployed.

[0069] A model deployer 370 deploys one or more Al
models based on the results of the entitlement model
developer 340, the encoder model developer 350, and/or
the correlator 370. For example, the model deployer 370
evaluates model fit, available resources, other con-
straints, etc., to determine whether to deploy one or more
Al models to the data storage 230 and/or the image data
processor 220 to be used in evaluating additive manu-
facturing apparatus 100 operation to print the component
134.

[0070] In certain examples, the entitlement model de-
veloper 340 and/or the encoder model developer 350
can reduce or compress image data for and/or as part of
its processing of image data to build the Al model(s). For
example, an example melt poolimage caninclude alarge
number of pixel/intensity values (e.g., 100x100 array of
numbers defining or representing the image, etc.). The
model developer 340, 350 can evaluate whether or not
all image data is to be used to infer and/or otherwise
determine whether an image indicates an expected state
or stage of the additive manufacturing process or indi-
cates an error, defect, or anomaly in the additive manu-
facturing process.

[0071] In certain examples, not every pixel value need
be used to assess a melt pool image. As such, the model
developer 340, 350 and/or its associated Al model(s) can
form an information space of fewer dimensions than the
actual image data to make an assessment, inference,
and/or other determination of the appropriateness of a
melt pool image and associated setting/parameter.
[0072] For example, the autoencoder 355 can be used
to determine a lowest number or set of features that is
sufficient to capture and characterize an image to deter-
mine a status of the associated additive manufacturing
process. FIG. 4A illustrates an example implementation
of the autoencoder 355 including an encoder 410 and a
decoder 420. As shown in FIG. 4A, an original input im-
age 405 (e.g., a filtered, segmented image 337, etc.) is
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provided to the encoder 410, which processes the image
405togenerate areduced or compressed representation
415 of the image data 405. For example, the encoder
410 distills a 100x100 image pixel array into a vector of
sixteen numbers that can be used to infer high-power-
high-focus, low-power-low-focus, etc. To verify, the de-
coder 420 processes the compressed representation
415 to generate a reconstructed image 425. The recon-
structed image 425 can be compared to the original input
image 405 to verify that the encoder 410 properly func-
tioned to reduce the input image 405 to its compressed
or feature representation 415 with sufficient information
to enable the decoder 420 to reconstruct the same input
as the output 425. The encoder 410 and decoder 420 of
the autoencoder 355 can be trained, tested, and validat-
ed by the encoder model developer 350 based on image
data from the data base 310, for example.

[0073] In training, the autoencoder 355 can be provid-
ed with one or more parameters and tasked with recon-
structing animage 405 with low reconstruction error (e.g.,
under an error threshold, within a standard deviation, sat-
isfying other error tolerance, etc.). When training and
testing and/or validation indicate that the encoder 410
and decoder 420 can reconstruct the image 405 within
the margin of error using the compressed representation
415, the autoencoder model 355 can be deployed for
use, for example. The compressed representation 415
can include a feature vector and/or other latent space
that captures minimum or less than fullimage information
or features and can be used for accurate reconstruction
of the image input 405, inference of an issue, etc.
[0074] If the autoencoder 355 is developed properly
(e.g., can reproduce the original image from the com-
pressed setofimage features), then only the compressed
feature representation 365, 415 can be stored in the data
storage 230, provided to the image data processor 220,
etc. The encoder 410 can process input image data 405
to identify and reduce the image to a lower or minimal
set of features 365, 415 that represent characteristics of
the image 405 relevant to examination by the image data
processor 220 to evaluate the image 405, 425 (e.g., a
vector of 16 numbers corresponding to features repre-
senting a 100x100 pixel image slice, etc.). The fullimage
425 can be reconstructed from the feature vector 415 so
that only the reduced form 415 need be stored while still
retaining access to full images 425 for processing.
[0075] In certain examples, one or more developed Al
models are partor component 134 specific (e.g., the mod-
elis trained on images of a melt pool of a particular com-
ponent 134 such as a blade, a vane, a tube, a valve, a
gear, etc.). In other examples, one or more developed
Al models can be trained and tested/validated to be more
general. For example, one Al model can be used to an-
alyze melt pool images regardless of type of material,
geometric variation, etc. If warranted/applicable, transfer
learning can be used to customize the model for a par-
ticular part or variant, for example.

[0076] In certain examples, data gathering during an
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additive manufacturing process, data gathered during
model development, feedback obtained from a system
using the manufactured component 134, etc., can be
stored in the data store 230. Such data can be provided
back to the Al model developer 210 to train, test, validate,
and/or deploy one or more updated Al models reflecting
improved accuracy, increased precision, applicability to
different parts, applicability to different materials, etc.
[0077] For example, image data capturing spatial in-
teraction between pixels in different layers of a 3D printed
part 134 can be used to better develop models, tweak
apparatus 100 settings, and/or provide other feedback
to the system 200. Rather than a single value, for exam-
ple, sixteen values can be stored for each layer, and
those values can be stored compactly and used for feed-
back to adapt/adjust models, change parameters, make
other apparatus 100 configuration and/or operation cor-
rections, etc.

[0078] In certain examples, the bottleneck feature ex-
tractor 360 extracts the image features 365, 415 gener-
ated by the autoencoder 355 and determines whether
sufficientinformation has been preserved by the features
365, 415 to correlate image characteristics to an image
fingerprint and anomaly detection (e.g., to identify an
anomaly or error in a 3D printing process, etc.). FIG. 4B
shows an example graph 450 correlating fingerprinting
and melt pool anomaly detection for the additive manu-
facturing system 100. As shown in the example of FIG.
4B, features 365, 415 identified by the autoencoder 355
correspond to image features indicative of meltpool prop-
erties (e.g., allow another model to infer an issue based
on the mapping between image feature and melt pool
property, etc.).

[0079] For example, an image feature can correspond
to a "normal" or expected melt pool property 455. The
image feature canindicate keyholing 460 in the melt pool.
The keyhole is a deep volume directly under the laser
beam 132, and keyholing indicates that the melt pool has
a depth to width ratio greater than 0.5. The image feature
can indicate undermelting 465 in the melt pool (e.g., the
melt pool has a depth less than a nominal layer thickness
that can lead to a lack of fusion (LoF) porosity and com-
promise integrity of the part 134). The image feature can
indicate balling 470 in the melt pool (e.g., at high values
of power and speed, the melted material solidifies as a
series of droplets rather than a continuous layer, which
can render the part 134 unusable). The image feature
can correspond to LoF 475 in the melt pool (e.g., no com-
plete adherence of a current melt to a surrounding part
that can impact final mechanical properties of the part
134 being formed), for example. As such, the image fea-
ture(s) can correlate to one or more image fingerprints
used foranomaly detection in the melt pool being imaged.
[0080] FIG. 5A illustrates an example conversion of
images 510 to image features 520, such as using the
autoencoder 355 and the bottleneck feature extractor
360. As shown in the example of FIG. 5A, each image
510 can be reduced by the autoencoder 355 to a set of
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features 520. To test and/or validate the autoencoder
355, the entitlement model developer 340 can compare
an actual reconstructed image 530, 540 to a predicted
image reconstruction 550, 560, such as shown in the
example of FIG. 5B.

[0081] As shown in the example of FIG. 6A, a compar-
ison of actual 610 to predicted 620 image reconstruction
by the autoencoder 355 can be evaluated to determine
a mean squared error across epochs. FIG. 6B illustrates
a graph 630 of training and validation loss using the au-
toencoder 355. As shown in the example of FIG. 6B, a
training loss 640 and a validation loss 650 result in a
mean validation mean squared error (MSE) across ep-
ochs of 6.3917e-05.

[0082] FIG. 7 illustrates an example analysis frame-
work 700 implemented by the entittement model devel-
oper 340 and the encoder model developer 350 to train
the autoencoder 355 and other Al models 710-716. As
shown in the example of FIG. 7, the downbeam camera
data 310is divided into training data 720 and testing data
725 (e.g., 80% training data 720 and 20% testing data
725, 70% training data 720 and 30% testing data 725,
etc.). The training data 720 is used to train a plurality of
Al models 355, 710-716 including the autoencoder 355,
an Xception classifier 710, an Inception V4 classifier 711,
a standard CNN 712, an Inception V1 classifier 713, an
Inception V1 classifier 714, a bottleneck plus neural net-
work classifier 715, an LSTM classifier 716, etc. The Al
models 355, 710-716 generate predictions 740-746, 750
by processing the input training data. The testing data
725 can also be used to verify the predictive output
740-746 of the Al models 710-716.

[0083] In the analysis framework 700, the predictions
740-746 of the classifiers 710-716 can be evaluated for
accuracy based on melt pool fingerprint (e.g., power, fo-
cus, etc.), melt pool defect detection, etc. Using the de-
termination of accuracy, a classifier 710-716 can be se-
lected for a particular analysis. For example, one classi-
fier 710-716 can be selected for fingerprinting of image
data and another classifier 710-716 can be selected for
melt pool defect detection using the image fingerprint. In
another example, a single classifier 710-716 can be se-
lected for both fingerprinting and defect detection.
[0084] In certain examples, the autoencoder 355 is
used to generate a prediction 750 of image reconstruc-
tion error 755. The encoder 410 and decoder 420 can
also be used to generate training data for classifiers
714-716. For example, the encoder 410 generates latent
space information 730 (e.g., bottleneck features 365,
etc.) which can be used as training data for the bottleneck
+ neural network classifier 715 and the LSTM classifier
716. The decoder 420 generates reconstructed camera
data 735 to train the Inception V1 classifier 714. As such,
the autoencoder 355 can be used to generate a prediction
750 of image reconstruction error 755 and can be used
to generate training data 730, 735 to train classifiers
714-716 to predict accuracy of power fingerprint, focus
fingerprint, defect detection, etc.
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[0085] In certain examples, the Al models 355,
710-716 can be compared to select one or more to eval-
uate melt pool image data to infer a problem (or lack
thereof) with the melt pool and associated additive man-
ufacturing process. In one or more deep learning models
710-716, initial layers of the network model 710-716 (not
shown) can be dedicated to learning about the input im-
age (e.g., edges, relationship between objects, etc.), and
a final set (e.g., one, two, three, etc.) of inference layers
of the network model combine the learning results to form
an output (e.g., represent a set of features, a subsection
of an image, etc.). Thus, the network models 710-716
can be compared to evaluate an amount of information
in the input images and compare model performance to
select one or more models 710-716 to be deployed to
process image data.

[0086] For example, in training, the Inception v1 clas-
sifier 713 provides 90% accuracy to predict focus and
85% accuracy to predict power. However, the Inception
v1 network 713 can include 10,000,000 - 100,000,000
parameters, rendering the model 713 too large to deploy
on a network edge device, a field programmable gate
array (FPGA), etc. A simpler network, such as the au-
toencoder 355, can operate on less data than the raw
image data (e.g., reducing a 100x100 array of image pix-
els to a 16-feature vector, etc.) while providing sufficient
accuracy to interpret a melt pool image and identify/infer
any defect, anomaly, deviation, etc., in the melt pool in-
dicating a problem with an additive manufacturing proc-
ess in situ.

[0087] Thus, certain examples manage and analyze
high-dimensional, high-volume, camera data generated
by an additive printing machine 100 during a printing
process. Camera data includes an in situ video and/or
photo capture of the 3D printing process and enables
capture of in situ melt pool characteristics. Analysis of
melt pool characteristics reveals insights about compli-
ance of the 3D print or build process with a specification
(e.g., a CAD file, part model, etc.), including deviation
from desired build characteristic(s)/specification. Upon
discovering a deviation, the 3D printing process can be
brought back into compliance in situ by adjusting one or
more process parameters of the apparatus 100 using the
controller 130 to reduce, eliminate, and/or otherwise
compensate for the deviation. The adjustment helps to
ensure a real time check on the quality of the part 134
being built and helps to correct situations that can lead
to formation of defective characteristics in the part 134.
In situ quality control introduces multiple challenges to
be overcome: i) complexity due to size as well as rate at
which the data grows, ii) challenge of managing storage
of such data over time, iii) in situ analysis of such data in
a time-efficient manner to enable in situ compensation,
iv) an ability to deploy such analysis into a limited eco-
system of compute and memory resources available to
the controller 130, v) an ability to index such data to tie
the data to the accurate spatio-temporal co-ordinates,
and vi) an ability to accommodate variability induced from
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multiple environmental and process-independent factors
when performing such analyses, for example. Certain
examples address and solve such challenges.

[0088] While example implementations are illustrated
in conjunction with FIGS. 1-7, elements, processes
and/or devices illustrated in conjunction with FIGS. 1-7
can be combined, divided, re-arranged, omitted, elimi-
nated and/or implemented in any other way. Further,
components disclosed and described herein can be im-
plemented by hardware, machine readable instructions,
software, firmware and/or any combination of hardware,
machine readable instructions, software and/or firmware.
Thus, for example, components disclosed and described
herein can be implemented by analog and/or digital cir-
cuit(s), logic circuit(s), programmable processor(s), ap-
plication specific integrated circuit(s) (ASIC(s)), program-
mable logic device(s) (PLD(s)) and/or field programma-
ble logic device(s) (FPLD(s)). When reading any of the
apparatus or system claims of this patent to cover a pure-
ly software and/or firmware implementation, at least one
of the components is/are hereby expressly defined to in-
clude a tangible computer readable storage device or
storage disk such as a memory, a digital versatile disk
(DVD), a compact disk (CD), a Blu-ray disk, etc., storing
the software (including computer- and/or other machine-
readable instructions) and/or firmware. As used herein,
the phrase "in communication," including variations
thereof, encompasses direct communication and/or in-
direct communication through one or more intermediary
components, and does not require direct physical (e.g.,
wired) communication and/or constant communication,
but rather additionally includes selective communication
at periodic intervals, scheduled intervals, aperiodic inter-
vals, and/or one-time events.

[0089] Flowcharts representative of example hard-
ware logic, machine readable instructions, hardware im-
plemented state machines, and/or any combination
thereof for implementing the monitoring and control sys-
tem for additive manufacturing 200 of FIGS. 1-4A are
shown in FIGS. 8-9. The machine readable instructions
may be one or more executable programs or portion(s)
of an executable program for execution by a computer
processor such as the processor 1012 shown in the ex-
ample processor platform 1000 discussed below in con-
nection with FIG. 10. The program may be embodied in
software stored on a non-transitory computer readable
storage medium such as a CD-ROM, a floppy disk, a
hard drive,a DVD, a Blu-ray disk, ora memory associated
with the processor 1012, but the entire program and/or
parts thereof could alternatively be executed by a device
other than the processor 1012 and/or embodied in
firmware or dedicated hardware. Further, although the
example program is described with reference to the flow-
charts illustrated in FIGS. 8-9, many other methods of
implementing the example monitoring and control sys-
tem for additive manufacturing 200 can alternatively be
used. For example, the order of execution of the blocks
may be changed, and/or some of the blocks described
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may be changed, eliminated, or combined. Additionally
or alternatively, any or all of the blocks may be imple-
mented by one or more hardware circuits (e.g., discrete
and/or integrated analog and/or digital circuitry, an FP-
GA, an ASIC, acomparator, an operational-amplifier (op-
amp), a logic circuit, etc.) structured to perform the cor-
responding operation without executing software or
firmware.

[0090] The machine readable instructions described
herein may be stored in one or more of a compressed
format, an encrypted format, a fragmented format, a com-
piled format, an executable format, a packaged format,
etc. Machine readable instructions as described herein
may be stored as data (e.g., portions of instructions,
code, representations of code, etc.) that may be utilized
to create, manufacture, and/or produce machine execut-
able instructions. For example, the machine readable in-
structions may be fragmented and stored on one or more
storage devices and/or computing devices (e.g., serv-
ers). The machine readable instructions may require one
or more of installation, modification, adaptation, updat-
ing, combining, supplementing, configuring, decryption,
decompression, unpacking, distribution, reassignment,
compilation, etc. in order to make them directly readable,
interpretable, and/or executable by a computing device
and/or other machine. For example, the machine read-
able instructions may be stored in multiple parts, which
are individually compressed, encrypted, and stored on
separate computing devices, wherein the parts when de-
crypted, decompressed, and combined form a set of ex-
ecutable instructions that implement a program such as
that described herein.

[0091] In another example, the machine readable in-
structions may be stored in a state in which they may be
read by a computer, but require addition of a library (e.g.,
a dynamic link library (DLL)), a software development kit
(SDK), an application programming interface (API), etc.
in order to execute the instructions on a particular com-
puting device or other device. In another example, the
machine readable instructions may need to be configured
(e.g., settings stored, data input, network addresses re-
corded, etc.) before the machine readable instructions
and/or the corresponding program(s) can be executed in
whole or in part. Thus, the disclosed machine readable
instructions and/or corresponding program(s) are intend-
ed to encompass such machine readable instructions
and/or program(s) regardless of the particular format or
state of the machine readable instructions and/or pro-
gram(s) when stored or otherwise at rest or in transit.
[0092] The machine readable instructions described
herein can be represented by any past, present, or future
instruction language, scripting language, programming
language, etc. For example, the machine readable in-
structions may be represented using any of the following
languages: C, C++, Java, C#, Perl, Python, JavaScript,
HyperText Markup Language (HTML), Structured Query
Language (SQL), Swift, etc.

[0093] As mentioned above, the example processes
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of FIGS. 8-9 can be implemented using executable in-
structions (e.g., computer and/or machine readable in-
structions) stored on a non-transitory computer and/or
machine readable medium such as a hard disk drive, a
flash memory, a read-only memory, a compact disk, a
digital versatile disk, a cache, a random-access memory
and/or any other storage device or storage disk in which
information is stored for any duration (e.g., for extended
time periods, permanently, for brief instances, for tem-
porarily buffering, and/or for caching of the information).
As used herein, the term non-transitory computer read-
able medium is expressly defined to include any type of
computer readable storage device and/or storage disk
and to exclude propagating signals and to exclude trans-
mission media. As used herein, when the phrase "at
least" is used as the transition term in a preamble of a
claim, it is open-ended in the same manner as the term
"comprising" is open ended. In addition, the term "includ-
ing" is open-ended in the same manner as the term "com-
prising" is open-ended.

[0094] FIG. 8illustrates a flowchart 800 representative
of example machine readable instructions that can be
executed to configure and control the example additive
manufacturing apparatus 100. At block 810, one or more
images (e.g., still cameraimage(s), a video stream, snap-
shot(s) from video, etc.) are obtained of the melt pool
formed during 3D printing by the additive manufacturing
apparatus 100. For example, the camera 102 can be
used to obtain one or more still images, video, etc., of an
ongoing additive manufacturing process to form the com-
ponent 134 using the apparatus 100.

[0095] Atblock 820, the one or more images are proc-
essed by the controller 130, the computing device 156,
the Al model developer 210, and/or the image data proc-
essor220. Forexample, features are extracted fromeach
image, and the set of features is reduced to a set of bot-
tleneck features representing a minimum or other re-
duced set of image features from which an Al model is
able to reconstruct the original source image. For exam-
ple, an image represented by a 100x100 pixel array can
be reduced to a set or vector of 16 image features. This
reduction can be performed using an Al model, such as
the autoencoder 355, an image filter, etc. In certain ex-
amples, the original image can be segmented to identify
a region of interest 335 including the melt pool image
data. That region of interest 335 can then be processed
for feature extraction and dimensionality reduction to a
reduced or minimum viable feature set (e.g., a "com-
pressed" feature vector).

[0096] Atblock 830, one ormore Al models are applied
to the processed image(s) (e.g., by the image data proc-
essor 220 and/or the controller 240) to analyze the proc-
essedimages (e.g., theirfeature setand/or other reduced
representation, etc.) for anomalies and defects. For ex-
ample, an inception model, an exception model, a CNN
model, an LSTM model, a combination feature/NN mod-
el, etc., can be applied to the processed image data to
identify image patterns (e.g., fingerprint(s)) indicative of
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an anomaly, defect, etc., in the additive manufacturing
process.

[0097] For example, the camera 102 records data as
the laser moves along a prescribed path and forms a melt
pool from which to manufacture the part 134. Pixels in
the image data, etc., provide an indication of thermal
properties of the melt pool, etc., that are processed by
the model(s) to infer or classify a state or condition of the
additive manufacturing process. The camera 102 is at-
tached along a same axis as the laser 104, aimed down
into the melt pool, and collects video and/or still image
data at a same rate that the laser 104 is burning the part
134. As such, image data is collected at a high frequency
(e.g., 5 kilohertz (kH), 10 kHz, 20 kHz, etc.) in a large
volume. Compression (e.g., reduction of the image data
to feature vectors, etc.) allows the large volume of image
data to be more easily and effectively stored, compared,
and processed, for example. The Al model(s) can be
trained based on an expected melt pool image appear-
ance for a particular laser power/intensity (e.g., 350 Watt
(W) downbeam data, 370 W downbeam data, 400 W
downbeam data, etc.). A deviation of the actual image
data from the expected image data is identified by the
model(s) and used to infer a defect, anomaly, and/or oth-
er error in the manufacture of the part 134, for example.
[0098] At block 840, the Al model(s) are trained to be
applied to the image data to identify anomalies, defects,
etc. One or more Al models can be trained by processing
a plurality of training, testing, and/or validation images,
such as described above with respect to FIGS. 3-7. The
Al model(s) are developed by the Al model developer
210 to be deployed and applied to the image data by the
image data processor 220. The Al model(s) can be de-
veloped and deployed by the Al model developer 210
offline and/or otherwise in parallel with model use in the
process 800.

[0099] At block 850, one or more anomalies, defects,
etc., are predicted in the additive manufacturing appara-
tus 100 and/or an ongoing additive manufacturing
progress using output from the Al model(s). For example,
an output of one or more Al models is processed to de-
termine whether an anomaly, defect, and/or other error
is occurring in the ongoing 3D printing process. That is,
the predictive output 740-746, 750 from a single Al model
710-716, 355 can be used and/or multiple outputs
740-746, 750 can be combined to identify an error in the
3D printing process. For example, one or more errors
such as keyholing, LoF, balling, undermelting, etc., can
be inferred by the model(s) 710-716, 355 by analyzing
the associated melt pool image(s). An image data inten-
sity value corresponding to a melt pool area temperature,
density, etc., can be analyzed to infer and/or otherwise
indicate whether the image data value corresponds to an
expected or "normal" value (e.g., compared to a refer-
ence value for the process, part, etc.).

[0100] At block 860, the additive manufacturing appa-
ratus 100 is adjusted to compensate for the identified/in-
ferred defect, anomaly, and/or other error. For example,
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as the 3D printing process continues, the controller 240
adjusts one or more parameters of the laser 104 (e.g.,
power, scan speed, location, focus, spot size, etc.) to
correct for the one or more defect, anomaly, and/or other
error identified in the melt pool image(s).

[0101] FIG. 9illustrates a flowchart 900 representative
of example machine readable instructions that can be
executed to train the one or more Al models to process
image data to infer associated melt pool characteristics
(e.g., block 840 of the example of FIG. 8). At block 910,
image data (e.g., data representing pixel and/or voxel
values of one or more images, video, etc.) is filtered. For
example, the image filter 320 processes image data to
remove dark frames of image data (e.g., images that do
not include the melt pool, other images that are black or
mostly "dark", etc.), identify label(s) 325 in images
frames/slices, etc.

[0102] Atblock 920, thefiltered image datais segment-
ed to separate or isolate a region of interest (ROI) 335
including the melt pool image data from the rest of the
image 337. For example, the remaining image(s) are
processed by the segmenter 330, which identifies a light-
er portion or "bright spot" in the image representing the
melt pool.

[0103] Atblock 930, one or more Al models are devel-
oped using the region of interest 335. For example, the
region of interest 335 is provided to one or more model
developers such as the entitlement model developer 340,
the encoder model developer 350, etc. For example, the
processed image data is divided into training data and
testand/or validation data and provided to the entitlement
model developer 340 and/or the encoder model devel-
oper 350 to train and test and/or validate one or more Al
models such as the autoencoder 355, CNN, Inception
classifier, Xception classifier, LSTM classifier, combina-
tion neural network model, etc.

[0104] Atblock 940, image features are extracted from
the region of interest 335 image data. For example, the
image data from the region of interest 335 image(s) is
processed by one or more Al models to compress/reduce
the image to a set of representative, key, or "bottleneck"
features 365 (e.g., from an array of 100x100 pixels to a
vector of 16 features, etc.).

[0105] Atblock 950, the image features are correlated
to melt pool conditions. For example, the feature vector
365 is processed by one or more Al models to compare
the feature vector to known/reference/ground truth melt
pool states (e.g., a normal melt pool state, an abnormal
melt pool state indicating a problem with the additive
manufacturing process, etc.). As such, the model(s) can
match the actual image data (e.g., as represented by the
feature vector, etc.) to a melt pool status or condition for
which the model has been trained. For example, one or
more Al models can be trained to recognize a defect or
anomaly in an additive manufacturing process to produce
a part 134 based on characteristics of the melt pool re-
flected in captured image data. For example, melt pool
characteristics represented by pixel values and/or asso-
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ciated features 365 include normal, keyholing, LoF, ball-
ing, etc. An Al model is considered ready for deployment
when the model can identify the target characteristic in
the melt pool image/feature vector that is provided to the
model, for example.

[0106] At block 960, one or more Al models are de-
ployed. For example, one or more Al models are de-
ployed by the model deployer 380 to be used to process
input image data for melt pool anomalies, defects, etc.
One or more models can be deployed based on the part
134 being printed, the type of laser 104, reliability and/or
relevance of the model determined by the correlator 370
and/or the model deployer 380, configuration of the sys-
tem 200 (e.g., on device 100, on an edge device, in the
cloud, and/or other system resource constraint, etc.), re-
construction error output 755, etc. The deployed mod-
el(s) can be used to execute the process 800, for exam-
ple.

[0107] FIG. 10 is a block diagram of an example proc-
essor platform 1000 structured to executing instructions
to implement the example elements disclosed and de-
scribed herein. The processor platform 1000 can be, for
example, a server, a personal computer, a mobile device
(e.g., a cell phone, a smart phone, a tablet such as an
iPadTM), a personal digital assistant (PDA), an Internet
appliance, or any other type of computing device. The
example processor platform 1000 can be used to imple-
ment the example additive manufacturing control system
200 and/or one or more of its component Al model de-
veloper 210, image data processor 220, data storage
230, controller 240, additive manufacturing apparatus
100, and/or camera 102, for example.

[0108] The processor platform 1000 of the illustrated
example includes a processor 1012. The processor 1012
of the illustrated example is hardware. For example, the
processor 1012 can be implemented by integrated cir-
cuits, logic circuits, microprocessors or controllers from
any desired family or manufacturer.

[0109] The processor 1012 of the illustrated example
includes a local memory 1013 (e.g., a cache). The ex-
ample processor 1012 of FIG. 10 executes instructions
from the memory 1013, etc. The processor 1012 of the
illustrated example is in communication with a main
memory including a volatile memory 1014 and a non-
volatile memory 1016 via a bus 1018. The volatile mem-
ory 1014 may be implemented by Synchronous Dynamic
Random Access Memory (SDRAM), Dynamic Random
Access Memory (DRAM), RAMBUS Dynamic Random
Access Memory (RDRAM) and/or any other type of ran-
dom access memory device. The non-volatile memory
1016 may be implemented by flash memory and/or any
other desired type of memory device. Access to the main
memory 1014, 1016 is controlled by a clock controller.
[0110] The processor platform 1000 of the illustrated
example also includes an interface circuit 1020. The in-
terface circuit 1020 may be implemented by any type of
interface standard, such as an Ethernet interface, a uni-
versal serial bus (USB), and/or a PCI express interface.
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[0111] In the illustrated example, one or more input
devices 1022 are connected to the interface circuit 1020.
The input device(s) 1022 permit(s) a user to enter data
and commands into the processor 1012. The input de-
vice(s) can be implemented by, for example, a sensor, a
microphone, a camera (still or video), a keyboard, a but-
ton, a mouse, a touchscreen, a track-pad, a trackball,
isopoint and/or a voice recognition system.

[0112] One or more output devices 1024 are also con-
nected to the interface circuit 1020 of the illustrated ex-
ample. The output devices 1024 can be implemented,
for example, by display devices (e.g., a light emitting di-
ode (LED), an organic light emitting diode (OLED), a lig-
uid crystal display, a cathode ray tube display (CRT), a
touchscreen, a tactile output device, and/or speakers).
The interface circuit 1020 of the illustrated example, thus,
typically includes a graphics driver card, a graphics driver
chip or a graphics driver processor.

[0113] The interface circuit 1020 of the illustrated ex-
ample also includes a communication device such as a
transmitter, a receiver, a transceiver, a modem and/or
network interface card to facilitate exchange of data with
external machines (e.g., computing devices of any kind)
via a network 1026 (e.g., an Ethernet connection, a digital
subscriber line (DSL), a telephone line, coaxial cable, a
cellular telephone system, etc.).

[0114] The processor platform 1000 of the illustrated
example also includes one or more mass storage devices
1028 for storing software and/or data. Examples of such
mass storage devices 1028 include floppy disk drives,
hard drive disks, compact disk drives, Blu-ray disk drives,
RAID systems, and digital versatile disk (DVD) drives.
[0115] The coded instructions 1032 representing in-
structions executable by the processor 1012 can be
stored in the mass storage device 1028, in the volatile
memory 1014, in the non-volatile memory 1016, and/or
on aremovable tangible computer readable storage me-
dium such as a CD or DVD, for example.

[0116] From the foregoing, it will be appreciated that
the above disclosed methods, apparatus, and articles of
manufacture have been disclosed to provide a new, im-
proved monitoring and control system for additive man-
ufacturing. The disclosed methods, apparatus and arti-
cles of manufacture provide dynamic, reliable adjustment
of an ongoing additive manufacturing process by an ad-
ditive manufacturing apparatus to improve product yield,
reduce waste, and strengthen product reliability through
real-time monitoring, processing, and adjustment of an
additive manufacturing process for the product. The dis-
closed methods, apparatus and articles of manufacture
are accordingly directed to one or more improvement(s)
inthe functioning of an additive manufacturing apparatus.
Further, the capabilities of the additive manufacturing
system are expanded to capture in-process image data,
analyze the image data to understand system behavior
and process status, and adjust itself to reduce or avoid
a defect, anomaly, or other error in manufacturing.
[0117] Further aspects of the invention are provided
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by the subject matter of the following clauses.

Example 1 includes an apparatus comprising: mem-
ory to store instructions; and at least one processor
to execute the instructions to at least: extract image
features fromimage datato represent the image data
as a set of image features, the image data captured
by a camera during an additive manufacturing proc-
ess and including an image of a melt pool of the
additive manufacturing process; apply an artificial in-
telligence model to the set of image features; predict
an error in the additive manufacturing process using
an output of the artificial intelligence model; and com-
pensate for the error by adjusting a configuration of
the apparatus during the additive manufacturing
process.

Example 2 includes the apparatus of any preceding
clause, wherein the at least one processor is to filter
the image data before extracting the image features.
Example 3 includes the apparatus of any preceding
clause, wherein the at least one processor is to seg-
ment the image data to isolate a region of interest
including the image of the melt pool before extracting
the image features and applying the artificial intelli-
gence model to the set of image features.

Example 4 includes the apparatus of any preceding
clause, wherein the artificial intelligence model in-
cludes at least one of an entittement model or an
encoder model.

Example 5 includes the apparatus of any preceding
clause, wherein the artificial intelligence model in-
cludes an autoencoder.

Example 6 includes the apparatus of any preceding
clause, wherein the autoencoder is to reduce the im-
age data to the set of features forming a feature vec-
torand to reconstruct the image data from the feature
vector.

Example 7 includes the apparatus of any preceding
clause, wherein the artificial intelligence model is
trained using stored image data to develop the arti-
ficial intelligence model, correlate the artificial intel-
ligence model with the error, and deploy the artificial
intelligence model to process captured image data.
Example 8 includes the apparatus of any preceding
clause, wherein the at least one processoris to com-
pensate for the error by adjusting atleast one of pow-
er, scan speed, focus, or spot size of the apparatus
during the additive manufacturing process.
Example 9 includes a method comprising: extract-
ing, by executing an instruction using at least one
processor, image features from image data to rep-
resent the image data as a set of image features,
the image data captured by a camera during an ad-
ditive manufacturing process and including animage
of a melt pool of the additive manufacturing process;
applying, by executing an instruction using at least
one processor, an artificial intelligence model to the
set of image features; predicting, by executing an
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instruction using the at least one processor, an error
in the additive manufacturing process using an out-
put of the artificial intelligence model; and compen-
sating for the error by adjusting, by executing an in-
struction using the at least one processor, a config-
uration of the additive manufacturing process.
Example 10 includes the method of any preceding
clause, further including filtering the image data be-
fore applying the artificial intelligence model.
Example 11 includes the method of any preceding
clause, further including segmenting the image data
to isolate a region of interest including melt pool im-
age data before applying the artificial intelligence
model to the region of interest.

Example 12 includes the method of any preceding
clause, further including training at least one of an
entitlement model or an encoder model to form the
artificial intelligence model.

Example 13 includes the method of any preceding
clause, further including: training the artificial intelli-
gence model using stored image data to develop the
artificial intelligence model; correlating the artificial
intelligence model with the error; and deploying the
artificial intelligence model to process captured im-
age data.

Example 14 includes the method of any preceding
clause, wherein compensating for the error includes
adjusting at least one of power, scan speed, focus,
or spot size of an energy beam used during the ad-
ditive manufacturing process.

Example 15 includes an additive manufacturing ap-
paratus comprising: an energy source to melt mate-
rialto form a componentin an additive manufacturing
process; a camera aligned with the energy source
to obtain image data of the melted material during
the additive manufacturing process; and a controller
to control the energy source during the additive man-
ufacturing process in response to processing of the
image data, the controller to adjust control of the en-
ergy source based on a correction determined by:
extracting image features from image data to repre-
sent the image data as a set of image features, the
image data captured by the camera during the ad-
ditive manufacturing process and including animage
of a melt pool formed from the melted material in the
additive manufacturing process; applying an artificial
intelligence model to the set of image features; pre-
dicting an errorin the additive manufacturing process
using an output of the artificial intelligence model;
and compensating for the error by generating a cor-
rection to adjust a configuration of the energy source
during the additive manufacturing process.
Example 16 includes the apparatus of any preceding
clause, wherein the controller is to filter and segment
the image data to isolate aregion of interestincluding
the image of the melt pool before extracting the im-
age features and applying the artificial intelligence
model to the set of image features.
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Example 17 includes the apparatus of any preceding
clause, wherein the artificial intelligence model in-
cludes an autoencoder.

Example 18 includes the apparatus of any preceding
clause, wherein the autoencoder is to reduce the im-
age data to a feature vector and to reconstruct the
image data from the feature vector.

Example 19 includes the apparatus of any preceding
clause, wherein the artificial intelligence model is
trained using stored image data to develop the arti-
ficial intelligence model, correlate the artificial intel-
ligence model with the error, and deploy the artificial
intelligence model to process captured image data.
Example 20 includes the apparatus of any preceding
clause, wherein the controller is to compensate for
the error by adjusting at least one of power, scan
speed, focus, or spot size of the energy source during
the additive manufacturing process.

[0118] Although certain example methods, apparatus
and articles of manufacture have been described herein,
the scope of coverage of this patent is not limited thereto.
On the contrary, this patent covers all methods, appara-
tus and articles of manufacture fairly falling within the
scope of the claims of this patent.

[0119] Various aspects and embodiments of the inven-
tion are defined by the following clauses:

1. An apparatus comprising:

memory to store instructions; and
at least one processor to execute the instruc-
tions to at least:

extract image features from image data to
represent the image data as a set of image
features, the image data captured by a cam-
era during an additive manufacturing proc-
ess and including an image of a melt pool
of the additive manufacturing process;
apply an artificial intelligence model to the
set of image features;

predict an error in the additive manufactur-
ing process using an output of the artificial
intelligence model; and

compensate for the error by adjusting a con-
figuration of the apparatus during the addi-
tive manufacturing process.

2. The apparatus of clause 1, wherein the at least
one processor is to filter the image data before ex-
tracting the image features.

3. The apparatus of clause 1, wherein the at least
one processor is to segment the image datato isolate
a region of interest including the image of the melt
pool before extracting the image features and apply-
ing the artificial intelligence model to the set ofimage



35 EP 3 878 583 A1 36

features.

4. The apparatus of clause 1, wherein the artificial
intelligence model includes at least one of an enti-
tlement model or an encoder model.

5. The apparatus of clause 4, wherein the artificial
intelligence model includes an autoencoder.

6. The apparatus of clause 5, wherein the autoen-
coder is to reduce the image data to the set of fea-
tures forming a feature vector and to reconstruct the
image data from the feature vector.

7. The apparatus of clause 1, wherein the artificial
intelligence model is trained using stored image data
to develop the artificial intelligence model, correlate
the artificial intelligence model with the error, and
deploy the artificial intelligence model to process
captured image data.

8. The apparatus of clause 1, wherein the at least
one processor is to compensate for the error by ad-
justing at least one of power, scan speed, focus, or
spot size of the apparatus during the additive man-
ufacturing process.

9. A method comprising:

extracting, by executing an instruction using at
least one processor, image features from image
data to represent the image data as a set of im-
age features, the image data captured by a cam-
era during an additive manufacturing process
and including an image of a melt pool of the ad-
ditive manufacturing process;

applying, by executing an instruction using at
least one processor, an artificial intelligence
model to the set of image features;

predicting, by executing an instruction using the
at least one processor, an error in the additive
manufacturing process using an output of the
artificial intelligence model; and

compensating for the error by adjusting, by ex-
ecuting an instruction using the at least one
processor, a configuration of the additive man-
ufacturing process.

10. The method of clause 9, further including filtering
the image data before applying the artificial intelli-
gence model.

11. The method of clause 9, further including seg-
menting the image data to isolate a region of interest
including melt pool image data before applying the
artificial intelligence model to the region of interest.

12. The method of clause 9, further including training
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at least one of an entittlement model or an encoder
model to form the artificial intelligence model.

13. The method of clause 9, further including:

training the artificial intelligence model using
stored image data to develop the artificial intel-
ligence model;

correlating the artificial intelligence model with
the error; and

deploying the artificial intelligence model to
process captured image data.

14. The method of clause 9, wherein compensating
for the error includes adjusting at least one of power,
scan speed, focus, or spot size of an energy beam
used during the additive manufacturing process.

15. An additive manufacturing apparatus compris-
ing:

an energy source to melt material to form a com-
ponent in an additive manufacturing process;
a camera aligned with the energy source to ob-
tain image data of the melted material during the
additive manufacturing process; and

a controller to control the energy source during
the additive manufacturing process in response
to processing of the image data, the controller
to adjust control of the energy source based on
a correction determined by:

extracting image features from image data
to represent the image data as a set of im-
age features, the image data captured by
the camera during the additive manufactur-
ing process and including animage of a melt
pool formed from the melted material in the
additive manufacturing process;

applying an artificial intelligence model to
the set of image features;

predicting an error in the additive manufac-
turing process using an output of the artifi-
cial intelligence model; and

compensating for the error by generating a
correction to adjust a configuration of the
energy source during the additive manufac-
turing process.

16. The apparatus of clause 15, wherein the control-
ler is to filter and segment the image data to isolate
a region of interest including the image of the melt
pool before extracting the image features and apply-
ing the artificial intelligence model to the set ofimage
features.

17. The apparatus of clause 15, wherein the artificial
intelligence model includes an autoencoder.
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18. The apparatus of clause 17, wherein the autoen-
coder is to reduce the image data to a feature vector
and to reconstruct the image data from the feature
vector.

19. The apparatus of clause 15, wherein the artificial
intelligence model is trained using stored image data
to develop the artificial intelligence model, correlate
the artificial intelligence model with the error, and
deploy the artificial intelligence model to process
captured image data.

20. The apparatus of clause 15, wherein the control-
leris to compensate for the error by adjusting at least
one of power, scan speed, focus, or spot size of the
energy source during the additive manufacturing
process.

Claims

An apparatus (100, 200) comprising:

memory (158, 230, 1013, 1014, 1016, 1028) to
store instructions; and

at least one processor (130, 154, 156, 200,
1012) to execute the instructions to at least:

extract image features (365, 415, 520) from
image data (337, 405, 510) to represent the
image data (337,405,510) as a set ofimage
features (365, 415, 520), the image data
(337, 405, 510) captured by a camera (102,
136) during an additive manufacturing proc-
ess and including an image (337, 405, 510)
of a melt pool of the additive manufacturing
process;

apply an artificial intelligence model (335,
710-716) to the set of image features (365,
415, 520);

predict an error in the additive manufactur-
ing process using an output of the artificial
intelligence model (335, 710-716); and
compensate for the error by adjusting a con-
figuration of the apparatus (100, 200) during
the additive manufacturing process.

The apparatus (100, 200) of claim 1, wherein the at
least one processor (130, 154, 156, 200, 1012) is to
filter the image data (337,405, 510) before extracting
the image features (365, 415, 520).

The apparatus (100, 200) of claim 1, wherein the at
least one processor (130, 154, 156, 200, 1012) is to
segment the image data (337, 405, 510) to isolate a
region of interest (335) including the image of the
melt pool before extracting the image features (365,
415, 520) and applying the artificial intelligence mod-
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el (335, 710-716) to the set of image features (365,
415, 520).

The apparatus (100, 200) of claim 1, wherein the
artificial intelligence model (335, 710-716) includes
at least one of an entitlement model or an encoder
model.

The apparatus (100, 200) of claim 4, wherein the
artificial intelligence model (335, 710-716) includes
an autoencoder (355).

The apparatus (100, 200) of claim 5, wherein the
autoencoder (355) is to reduce the image data (337,
405, 510) to the set of features (365, 415, 520) form-
ing a feature vector and to reconstruct the image
data (337, 405, 510) from the feature vector.

The apparatus (100, 200) of claim 1, wherein the
artificial intelligence model (335, 710-716) is trained
using stored image data to develop the artificial in-
telligence model (335, 710-716), correlate the artifi-
cial intelligence model (335, 710-716) with the error,
and deploy the artificial intelligence model (335,
710-716) to process captured image data (337, 405,
510).

The apparatus (100, 200) of claim 1, wherein the at
least one processor (130, 154, 156, 200, 1012) is to
compensate for the error by adjusting at least one
of power, scan speed, focus, or spot size of the ap-
paratus (100, 200) during the additive manufacturing
process.

A method (800, 900) comprising:

extracting, by executing an instruction using at
least one processor (130, 154, 156, 200, 1012),
image features (365, 415, 520) from image data
(337, 405, 510) to represent the image data
(337, 405, 510) as a set of image features (365,
415, 520), the image data (337, 405, 510) cap-
tured by a camera (102, 136) during an additive
manufacturing process and including an image
(337, 405, 510) of a melt pool of the additive
manufacturing process;

applying, by executing an instruction using at
least one processor (130, 154, 156, 200, 1012),
an artificial intelligence model (335, 710-716) to
the set of image features (365, 415, 520);
predicting, by executing an instruction using the
at least one processor (130, 154, 156, 200,
1012), an error in the additive manufacturing
process using an output of the artificial intelli-
gence model (335, 710-716); and
compensating for the error by adjusting, by ex-
ecuting an instruction using the at least one
processor (130, 154, 156, 200, 1012), a config-
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uration of the additive manufacturing process.

The method (800, 900) of claim 9, further including
filtering the image data (337, 405, 510) before ap-
plying the artificial intelligence model (335, 710-716).

The method (800, 900) of claim 9, further including
segmenting the image data (337,405, 510) to isolate
a region of interest (335) including melt pool image
data (337, 405, 510) before applying the artificial in-
telligence model (335, 710-716) to the region of in-
terest (335).

The method (800, 900) of claim 9, further including
training at least one of an entittement model or an
encoder model to form the artificial intelligence mod-
el (335, 710-716).

The method (800, 900) of claim 9, further including:

training the artificial intelligence model (335,
710-716) using stored image data (337, 405,
510) to develop the artificial intelligence model
(335, 710-716);

correlating the artificial intelligence model (335,
710-716) with the error; and

deploying the artificial intelligence model (335,
710-716) to process captured image data (337,
405, 510).

The method (800, 900) of claim 9, wherein compen-
sating for the error includes adjusting at least one of
power, scan speed, focus, or spot size of an energy
beam (132) used during the additive manufacturing
process.

An additive manufacturing apparatus (100, 200)
comprising:

an energy source (104) to melt material to form
a component in an additive manufacturing proc-
ess;

a camera (102, 136) aligned with the energy
source (104) to obtain image data (337, 405,
510) of the melted material during the additive
manufacturing process; and

acontroller (130, 154, 156, 200, 1012) to control
the energy source (104) during the additive man-
ufacturing process in response to processing of
the image data (337, 405, 510), the controller
(130, 154, 156, 200, 1012) to adjust control of
the energy source (104) based on a correction
determined by:

extracting image features (365, 415, 520)
from image data (337, 405, 510) to repre-
sent the image data (337, 405, 510) as a
set of image features (365, 415, 520), the
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image data (337, 405, 510) captured by the
camera (102, 136) during the additive man-
ufacturing process and including an image
(337, 405, 510) of a melt pool formed from
the melted material in the additive manufac-
turing process;

applying an artificial intelligence model
(335, 710-716) to the set of image features
(365, 415, 520);

predicting an error in the additive manufac-
turing process using an output of the artifi-
cial intelligence model (335, 710-716); and
compensating for the error by generating a
correction to adjust a configuration of the
energy source (104) during the additive
manufacturing process.



EP 3 878 583 A1

1 'Old

o1 | | 291 || 091
A\

124803

8¢l
( 0clL
| {

8yl

8¢l
1445

ovl

oGl

8ll Zhl 251 9gl
20l

22



EP 3 878 583 A1

¢ Old

00L
SNiLvyvddyv
ONIINLOVANNVIA
JAILLIAaY

ove
d3T1041INOD

2ol
\2<E[}\40)

(0[34
JOVd01S v1vd

0ce
d0SS300dd
v1iva 3oviI

oom\A

(o]¥4
d3d013A3d
13dON IV

23



EP 3 878 583 A1

€ Old

08¢
d3A01d3d
13don

Gee ~

¥SX¥S 001 X 96

09¢ 0S¢ 0¥
0/¢€ | | J010VvdlXd d34013aA3d d3d0T13aA3A 0¢ce /43
H31VT13HH0D J4N1v3d 13don 13don H31ININOFS I<ENNIE|
MO3IN31L10d d3A0OON3 INW3TLILNG
138v/1
Gce

d434d0139A3A 13dOIN IV

01¢
asvd
viva

o_\N\A

24



EP 3 878 583 A1

gy Old

0F-

0¢-

0¢

Buigouwopun -

Buijeg - o

. 109
Buljoykay] -

JBULION = 08

oSt \
Vv ©ld
NOILVINISIHd3d
1NdNI CENEREe)e] LNdNI
NOILONHLSNOD3IA TYNIDIHO
(0744 (057
d43d003d d3d0OON3

Sy

25



EP 3 878 583 A1

4G ‘Old VG "Old

099

O;
o
@
e}

vNiL

S3dNlv3d JOVINI

0¢s ~ 0LS e

d3101d34yd
3101d34d

d

SAOVII Leee) S3IOVNI 900¥C
V1vAd NOILVAITVYA viva ls3l

26



EP 3 878 583 A1

SSOTNOILYAITYA ——

SSOTONINIVEL @

-G0000°0

+01000°0

510000

-02000°0

520000

SSOT NOILVAITVA ANV ONINIVHL

0€9 —

V9 'Old

27



EP 3 878 583 A1

o1z
(4314188V10)
N1s1

L 'Old

HOHH3 NOILONHLSNOD3Y

mmm\

10103y
NIV¥L -
GI9aNTLLOD) 0G.
30VdS INILYT
(52
T ¥3AOONT G2
(d31d1ssv10) |- —
Loiaad NN+ ¥O3Nd Gq¢g
i) _ ¥3a0oNIoLNY
_ NIV¥L _—
_ ¥30003d A
272 [9A
6] WSSV V1Vd YEINYD
\wwwu 1| v NolLdoN Q@3LoNYLSNOOTY
NIV¥L 4
v/ I g
I Z
[9A
£ y3AdISsv10
LA NOILJIONI
|
MVN\ | NIVl _ 0
| 0cZ vivd
— v1ivd g
ONINIVHL va3Nvo
NND QdVaNVLS Wv3IANAOd
NIVHL F
¢l
YIHISSYID v1va
#A NOILJIONI NIVHL ONILSIL

NIVdL

28



EP 3 878 583 A1

( START )

OBTAIN

PROCESS IMAGE(S) ,—820

APPLY MODEL(S) TO |, —830

N\] PROCESSED IMAGE(S)

PREDICT
\

IN SITU PREDICTION OF
ANOMALIES AND | —850
DEFECTS

I

IN SITU COMPENSATION |~—860

( RETURN ) FIG. 8

29



EP 3 878 583 A1

TRAIN Al
MODEL(S)

840

910
FILTER IMAGE DATA

SEGMENT FILTERED [ —920
IMAGE(S)

DEVELOP Al MODEL(S) /930
USING ROI

EXTRACT IMAGE /940
FEATURES

CORRELATE IMAGE /950
FEATURES

960
DEPLOY Al MODEL(S) -

FIG. 9

Y

( RETURN )

30



EP 3 878 583 A1

f 1000

|
| 1014 ,— 1028 1032
/
| il MASS | CODED
VOLATILE STORAGE o
| MEMORY g | \. INSTRUCTION ,
| S 1024 '
| 1092 INPUT |
016 DEVICE(S) |
| [~
NON-VOLATILE l /—1ozo| 1026
| - MEMORY >
| 0% 1018\0 INTERFACE
| /—1012 * /—1024|
| PROCESSOR OUTPUT |
| LOCAL MEMORY DEVICE®) |
<t
| 101¢ [250 |
| = 1032 |
| Al MODEL DEVELOPER |
| 210 |
|
| IMAGE DATA
| PROCESSOR |
| = |
| CONTROLLER |
240 |
|
| |
- - _ _ _ _—_— _ _ _ _ _ _ ]

31



10

15

20

25

30

35

40

45

50

55

D)

Européisches
Patentamt

European
Patent Office

Office européen
des brevets

EP 3 878 583 A1

EUROPEAN SEARCH REPORT

—

EPO FORM 1503 03.82 (P04C01)

Application Number

EP 21 16 1864

DOCUMENTS CONSIDERED TO BE RELEVANT
Category Citation of document with indication, where appropriate, Relevant CLASSIFICATION OF THE
of relevant passages to claim APPLICATION (IPC)
X ZHANG YINGJIE ET AL: "Extraction and 1-15 INV.
evaluation of melt pool, plume and spatter B22F10/36
information for powder-bed fusion AM B22F10/38
process monitoring", B22F10/85
MATERIALS & DESIGN, ELSEVIER, AMSTERDAM, GO6N3/04
NL, B33Y50/02
vol. 156, 3 July 2018 (2018-07-03), pages
458-469, XP085440308, ADD.
ISSN: 0264-1275, DOI: GO6N3/08
10.1016/J.MATDES.2018.07.002
* the whole document *
A Anonymous: "Autoencoder", 5,6
Wikipedia,
8 March 2020 (2020-03-08), XP055723696,
Retrieved from the Internet:
URL:https://en.wikipedia.org/w/index.php?t
itle=Autoencoder&oldid=944565627
[retrieved on 2020-08-19]
* the whole document *
_____ TECHNICAL FIELDS
A XINBO QI ET AL: "Applying 1-15 SEARCHED _ UPO)
Neural-Network-Based Machine Learning to B22F
Additive Manufacturing: Current GO6N
Applications, Challenges, and Future B33Y
Perspectives", B29C
ENGINEERING,,
vol. 5, no. 4, 3 July 2019 (2019-07-03),
pages 721-729, XP002796699,
DOI:
HTTPS://D0I.0RG/10.1016/J.ENG.2019.04.012
* sections 4 and 5 *
-/ -
The present search report has been drawn up for all claims
Place of search Date of completion of the search Examiner

29 June 2021

The Hague

Jarvi, Tommi

CATEGORY OF CITED DOCUMENTS

X : particularly relevant if taken alone

Y : particularly relevant if combined with another
document of the same category

A : technological background

O : non-written disclosure

P : intermediate document

T : theory or principle underlying the invention

E : earlier patent document, but published on, or
after the filing date

D : document cited in the application

L : document cited for other reasons

& : member of the same patent family, corresponding
document

page 1 of

32




10

15

20

25

30

35

40

45

50

55

EP 3 878 583 A1

Patentamt
European
Patent Office
Office européen

Européisches

des brevets

—

EUROPEAN SEARCH REPORT

DOCUMENTS CONSIDERED TO BE RELEVANT

Application Number

EP 21 16 1864

Citation of document with indication, where appropriate,

Cat
alegory of relevant passages

Relevant
to claim

CLASSIFICATION OF THE
APPLICATION (IPC)

T FATHIZADAN SEPEHR ET AL: "Deep
representation learning for process

fusion",
ADDITIVE MANUFACTURING,

101961, XP055818750,

NL

ISSN: 2214-8604, DOI:
10.1016/j.addma.2021.101961
* the whole document *

variation management in laser powder bed

vol. 42, 5 April 2021 (2021-04-05), page

The present search report has been drawn up for all claims

TECHNICAL FIELDS
SEARCHED (IPC)

Date of completion of the search

29 June 2021

Place of search

The Hague

Examiner

Jarvi, Tommi

EPO FORM 1503 03.82 (P04C01)

CATEGORY OF CITED DOCUMENTS

X : particularly relevant if taken alone

Y : particularly relevant if combined with another
document of the same category

A : technological background

O : non-written disclosure

P : intermediate document

T : theory or principle underlying the invention

E : earlier patent document, but published on, or
after the filing date

D : document cited in the application

L : document cited for other reasons

page 2 of

33




	bibliography
	abstract
	description
	claims
	drawings
	search report

